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1  Introduction
Prostate cancer (PCa) is the most common malignant tumour in men worldwide and 
is composed of a mixture of tumour and non-tumour cell types [1–3]. The develop-
ment of prostate tissue cancer involves complex interactions between tumour cells and 
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Abstract
Background  Prostate cancer (PCa) is a heterogeneous disease characterised by 
a highly complex cellular ecosystem within its tumour microenvironment (TME). 
However, the crosstalk patterns between tumour and immune cells remain poorly 
understood.

Methods  Single cell RNA sequencing, spatial transcriptomics and bulk RNA-seq 
data were integrated to explore key Tregs cells modules and genes involved in PCa 
processes in the tumour microenvironment.

Results  We found that the oxidative phosphorylation and apoptosis signaling 
pathways of Tregs cells in PCa patients is significantly activated. Tregs cells and 
Tumour cells may interact through PPIA-BSG ligand-receptor pairs to form an 
immunosuppressive microenvironment. Using high-dimensional weighted gene 
co-expression network analysis, we identified 6 key functional modules in Tregs from 
PCa. The spatial localization of these modules in tumor tissues was further validated 
using spatial transcriptomics data. Subsequent differential modules analysis revealed 
that the M2 module exhibited the most significant changes. A Cox proportional 
hazards model was then constructed based on this module, leading to the 
identification of 8 key prognostic genes, including ANKRD37, CHORDC1, DOK2, HSPA6, 
RGCC, SERPINH1, STIP1, and UBB. These genes hold promise as potential molecular 
markers for the diagnosis and prognostic evaluation of PCa.

Conclusion  These findings reveal potential ligand-receptor interactions in the tumour 
microenvironment of PCa patients and key Tregs cell module genes involved in the 
formation of an immunosuppressive microenvironment. Targeting these cells and 
genes will help advance the treatment of PCa.
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surrounding immune cells [4, 5]. Recruitment/activation of tumour-infiltrating regula-
tory T cells can impair antigen recognition, leading to reduced cytotoxic function or 
proliferation of CD8 + T cells [6–8]. These studies suggest that elucidating the potential 
crosstalk mechanisms of tumour immune microenvironment cells will aid in the treat-
ment of PCa.

On the other hand, regulatory T (Treg) cells are an important component of immuno-
suppressive TME [9, 10]. Previous studies have shown that an increase in the frequency 
of Tregs within tumors is associated with poor prognosis in patients with various types 
of cancer [11–13]. The heterogeneity and plasticity of Tregs within tumors increase 
the complexity of their roles in tumors immunity and immunotherapy responses [14]. 
Recent studies have shown that the hypoxic state in the solid tumor microenvironment 
promotes the metabolic advantage of Treg dependent oxidative phosphorylation, fur-
ther enhancing its immunosuppressive function [15]. However, the heterogeneity of 
Tregs and their potential molecular driving factors in the PCa tumor microenvironment 
have not been fully elucidated.Here, we integrated single-cell and spatial transcriptomic 
analysis to investigate the cellular interaction status in the PCa tumor microenviron-
ment. We identified key ligand receptor pairs involved in immune suppression in the 
tumor microenvironment and their significant spatial co-localisation. In addition, we 
used high-dimensional weighted gene co-expression network analysis to identify mul-
tiple Tregs cell modules and employed Cox proportional hazards model to determine 
key prognostic genes.

2  Materials and methods
2.1  Data collection

Single-cell sequencing datasets (GSE141445) [16] and (GSE181294) [17] were obtained 
from the Gene Expression Omnibus (GEO) database, which included 31 tumour samples 
and 20 adjacent normal samples. PCa spatial transcriptomics data (and normal prostate 
samples were downloaded from the Gene Expression Omnibus (GEO) with number 
GSE230282 [18] and 10 × Genomics website ​(​​​h​t​t​p​s​:​/​/​w​w​w​.​1​0​x​g​e​n​o​m​i​c​s​.​c​o​m​/​c​n​/​d​a​t​a​s​e​t​
s​​​​​)​. PCa patients from The Cancer Genome Atlas (TCGA) were obtained using the UCSC 
Xena browser (https://xenabrowser.net/datapages/).

2.2  scRNA-seq data analysis

Cells were first filtered using the R package Seurat [19] with the following criteria: the 
number of expressed genes was less than 300 or greater than 5000. Only genes expressed 
in at least three cells were retained. The data were then normalised and the top 3000 
highly variable genes were detected using the FindVariableFeatures function. Next, the 
dimensionality of the scRNA-seq data was reduced by PCA based on 3000 genes, and 
20 principal components were selected for further analysis. In addition, soft k-means 
clustering was performed using the R package harmony [20] to remove batch effects 
between samples. Finally, cell clustering was performed using the FindClusters function 
with a resolution of 0.4. To determine cell types, cells were annotated based on known 
markers and singleR [21].

https://www.10xgenomics.com/cn/datasets
https://www.10xgenomics.com/cn/datasets
https://xenabrowser.net/datapages/
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2.3  Cellt percentage statistics between groups

To determine the difference in the proportion of different cell types between PCa 
patients and normal controls, we calculated the proportion of all cell types in each sam-
ple and performed between-group significance statistics using Student's t-test.

2.4  Analysis of T cell subtype

The data was normalised and the top 1000 highly variable genes were detected using 
the FindVariableFeatures function. Next, the dimensionality of the scRNA-seq data was 
reduced by PCA based on 1000 genes, and 10 principal components were selected for 
further analysis. In addition, soft k-means clustering was performed using the R pack-
age harmony to remove batch effects between samples. Finally, the FindClusters func-
tion was used for cell clustering and the resolution was set to 0.4. To determine the cell 
subtype, we annotated the cells based on known markers and singleR. After complet-
ing the annotation of T cell subtypes, the 'FindAllMarkers' function was used to identify 
the upregulated genes of each subtype with the parameters min.pct = 0.25, logfc.thresh-
old = 0.25, and the 'DoHeatmap' function was used to display the top 10 genes of each 
cell type. KEGG enrichment analysis was then performed on the differentially expressed 
genes using the default parameters using the R package clusterProfiler [22]. Based on the 
' HALLMARK_OXIDATIVE_PHOSPHORYLATION ' gene set, the AUCell [23] R pack-
age was used to score each cell subtype, and t-test was used to statistically analyse the 
scores of Tregs cells between the PCa patient group and the healthy controls group. The 
upregulated genes of Tregs cells in different groups using the FindAllMarkers function 
have the same parameters as described above. Perform a GO biological process enrich-
ment analysis on the differentially expressed genes using the clusterProfiler R package 
with default parameters. And use the GEPIA2 website [24] to perform survival analysis 
based on TCGA-PRAD.

2.5  Trajectory analysis of Tregs

To further identify the relationship between the differentiation status of Tregs cells and 
their hypoxic phenotype, we analysed all Tregs cells using the monocle2 R package [25] 
and default parameters, and displayed the apoptotic signaling pathwayscore and expres-
sion status of key apoptotic signaling pathway genes along the differentiation trajectory. 
The 'differentialGeneTest' function is used to search for temporally differential genes and 
divide them into three clusters. Then use the clusterProfiler R package for GO biological 
process analysis.

2.6  Cell communication analysis

To investigate potential crosstalk between different cells, we used the R package Cell-
Chat [26]. We followed a standardised workflow. First, we used the identifiyOverex-
pressedGenes and identifiyOverexpressedInteractions functions to process the data with 
standard parameters. The potential ligand-receptor (L/R) interactions in all cells were 
then calculated and analysed using the computeImmunoProb and computeCommuno-
ProbPathway functions. We focus on the interaction between Tregs cells and other cells.
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2.7  Identification of key modules for Tregs

In order to further investigate the key modules mediating the relationship between Tregs 
cells and immunosuppressive phenotypes, we analyzed the tumors Tregs cells based on 
sample sources and performed module analysis using the R package hdWGCNA [27] 
to identify potential modules and genes highly associated with immunosuppression. 
Use the 'ModulaExprScore' function to calculate the central gene feature scores for each 
module. Subsequently, the 'ModuleNetworkPlot' function was used to visualize the top 
25 core genes of each module, and the clusterProfiler R package for KEGG analysis was 
used. The 'FindDMEs' function was used to determine the modules with the most sig-
nificant changes in Tregs of PCa patients.

2.8  Spatial transcriptomics data analysis

The R package Seurat is used to create objects and the SCTransform function is used 
to standardise the data. The top 3000 highly variable genes were detected using the 
FindVariableFeatures function, and 30 principal components were selected for further 
analysis. To eliminate the batch effect between samples, soft K-means clustering was 
performed using the R package harmony. The FindClusters function was used for clus-
tering and the resolution was set to 0.4. The FindAllMarkers function was used to obtain 
the marker genes of Tregs cells, with the same parameters as above. Then, based on the 
different Tregs module genes a, the ST data were scored using the 'AddModulus Score' 
function, and the differences in module scores between each sample were tested using 
analysis of variance. For the Visium HD data, analysis was conducted based on a resolu-
tion of 16 μm, and the spatial expression patterns of PPIA and BSG were visualised using 
the 'SpatialFeaturePlot' function. The GEPIA2 website was then used to perform differ-
ential statistics on the above ligand/receptor pairs, with a parameter of log2fc. thresh-
old = 0.25 and a P value < 0.05, and to predict their impact on patient survival using 
default parameters.

2.9  Prediction of prognosis related genes

To determine the potential association between Tregs cell modules with significant 
changes in PCa patients and patient prognostic risk,, we performed univariate Cox 
regression analysis on TCGA-PRAD data using M2 module genes and the Survival R 
package [28, 29] to identify genes significantly associated with patient prognosis, and 
performed correlation and survival analysis on these genes using the GEPIA2 website.

2.10  Statistical analysis

All statistical analyses in this study were performed using R software version 4.1.3. Stu-
dent's t-test was used to compare variables between groups. A P value less than 0.05 was 
considered statistically significant (*P < 0.05, **P < 0.01, ***P < 0.001, ****P < 0.0001).

3  Results
3.1  Single cell multi sample data integration

The GSE141445 dataset contains single cell sequencing data from 13 PCa tissues,and 
the GSE181294 dataset contains single cell sequencing data for 20 normal prostate tis-
sues and 18 PCa tissues. After quality control measures, 205,337 high quality cells were 
obtained. After removing the batch effect, all samples were subjected to dimensionality 



Page 5 of 14Mei et al. Discover Oncology          (2026) 17:507 

reduction processing (Fig. 1A). And we identified 9 major cell types (Fig. 1B). The pro-
portions of each cell type varied between samples, reflecting the heterogeneity between 
patients (Fig. 1C) and the bubble plots show typical markers for each cell type (Fig. 1D). 
The box plot shows the difference in the proportion of each cell type between different 
groups (Fig.  1E), and the proportion of T/NK cells decreased significantly in the PCa 
patient group.

3.2  The intergroup heterogeneity of T cell subtypes

We then annotated T cells into subpopulations and obtained five different cell sub-
types (Fig. 2A). Next, the differentially expressed genes of the five T cell subtypes were 
obtained by differential analysis (Fig.  2B), after which KEGG enrichment analysis was 
performed, and Tregs cells were significantly enriched in oxidative phosphorylation 
pathway (Fig.  2C). To further determine the oxidative phosphorylationcharacteristics 
of different T cell subtypes, we performed oxidative phosphorylationscores and found 
that Tregs cells exhibited the highest oxidative phosphorylationcharacteristics (Fig. 2D), 
and the number of Tregs cells in the PCa group significantly increased (Fig. 2E), with 
oxidative phosphorylation characteristics also significantly higher than those in the con-
trol group (Fig. 2F). The TCGA-PRAD and GETx prostate bulk RNA data also showed 
a significant increase in the proportion of Tregs cells in the tumor group (Fig. 2G). The 
subsequent differential gene analysis identified the upregulated genes of Tregs cells in 

Fig. 1  Single cell multi sample data integration. A UMAP of sample size. B The umap plot shows the main nine cell 
types. C The bar graph shows the proportion of nine cell types in each sample. D Bubble plots show marker genes 
for each cell type. E Boxplots show the difference in the proportion of each cell type in different groups
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different groups (Fig. 2H), and the GO biological process enrichment analysis showed 
that Tregs cells in the tumour group were significantly enriched in regulation of apop-
totic signaling pathway (Fig. 2I).

3.3  Tregs cell differentiation trajectory

We further determined the differentiation order of Tregs cells by pseudo time-course 
analysis (Fig. 3A), and Tregs cells in the control group were at the starting point of dif-
ferentiation, while Tregs cells in the tumour group were at the end point of differen-
tiation (Fig.  3B). We then identified five differentiation states (Fig.  3C). The apoptotic 
signaling pathway score increased continuously with the differentiation of the Tregs 
cells (Fig.  3D). In addition, we observed that gene expression in the apoptotic signal-
ing pathway increased with the differentiation trajectory (Fig. 3E). Moreover, the apop-
totic regulatory signaling pathway also showed high activity in State4 (Fig.  3F). Based 
on pseudo time difference analysis, the expression levels of apoptosis related genes sig-
nificantly increased in the late stage of development (Fig. 3G). The key genes involved 

Fig. 2  The intergroup heterogeneity of T cell subtypes. A The umap plot shows the five T cell subtypes. B The 
Heatmap shows the top5 marker of each T cell subtype. C The bubble plot shows the KEGG enrichment results of 
each T cell subtype. D Boxplots show the differences in scores of different T cell subsets. E The bar chart shows the 
changes in the proportion of cells between groups. F Violin plots show the score of Tregs cells in different groups. 
G The bar chart shows the infiltration differences of Tregs in different samples of TCGA-PRAD. (H) The volcano plot 
shows the upregulated genes of Tregs cells between different groups. I Bar graphs show the results of go biological 
processes in different Tregs cell groups
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in the differentiation process were grouped into three clusters (Fig. 3H), with cluster2 
representing early development, cluster3 representing mid development, and cluster1 
representing late development. GO biological process functional annotation was then 
performed on these differentiation clusters, we found that the biological processes 
involved by Tregs cells at different stages of differentiation showed significant heteroge-
neity (Fig. 3I). At early stages of differentiation, biological processes related to immune 
receptor activity are significantly enriched, whereas at late stages of differentiation, bio-
logical processes related to ubiquitin protein ligase binding are significantly enriched.

The crosstalk between Tregs and tumor cells We then analysed the interactions 
between all cells in the normal and tumour groups. The results showed that the number 
and intensity of intercellular communications were significantly increased in the tumour 
group compared to the control group (Fig. 4A). The communication network diagram 
showed that there were significantly more interactions between cells in the tumour 
group (Fig. 4B). The heat map of the overall pathway level analysis showed that there was 
more cell communication in the tumour group (Fig. 4C). Subsequent pathway analysis 
showed a significant increase in the probability of Tregs cells and epithelial cells com-
municating through the CypA pathway in the tumor group (Fig. 4D). Ligand receptor 

Fig. 3  Tregs cell differentiation trajectory. A Differentiation trajectory of Tregs cells. B Differentiation order of Tregs 
cells. C The differentiation status of Tregs cells. D Trajectory of apoptotic score. E Expression of apoptotic related 
genes with differentiation time. F The apoptotic score in different Tregs state. G Heatmap showing key genes 
changing with differentiation time. H Pseudo time heatmap of 13 apoptotic pathway genes. I GO biological pro-
cess analysis results of differentiation key genes
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analysis showed that the probability of communication between Tregs cells and epithe-
lial cells via Peptidylprolyl isomerase A (PPIA, ligand)—Basigin (BSG, receptor) was sig-
nificantly increased in the tumour group (Fig. 4E). In addition, high-resolution spatial 
transcriptome data analysis revealed significant co-localization signals between PPIA 
and BSG in PCa tissue (Fig. 4F). To validate this finding, we conducted analysis using the 
TCGA-PRAD cohort and confirmed that the expression of PPIA and BSG was signifi-
cantly upregulated in tumor tissues (Fig. 4G). Survival analysis further confirmed that 
the high expression of PPIA is significantly correlated with poor prognosis in patients 
(Fig. 4H).

3.4  Identification of key modules driving immune suppression in Tregs

To clarify the key modules involved in the immune suppressive microenvironment in 
Tregs cells, we first extracted all Tregs cells from PCa patients and obtained 9 cell sub-
populations (Fig.  5A). The subsequent high-dimensional weighted gene co-expression 

Fig. 4  Epithelial-T cell interactions. A The bar graph shows the differences in the number and strength of cell 
interactions between different groups. B The circos plot illustrates the variations in the quantity and intensity of 
interactions among different cell types across various groups. C The heatmap illustrates the signaling patterns of 
each cell type across different groups. D Differences in CypA signaling pathway among different groups. E Bubble 
plot shows the ligand-receptor pairs between stromal cells and immune cells. F Spatial expression localization of 
PPIA-BSG. G Box plot shows the expression differencesof PPIA-BSG in different groups of TCGA-PRAD. H The KM 
curve shows the prognostic association of PPIA in TCGA-PRAD
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network analysis divided Tregs cells into six different modules (Fig.  5B). The module 
scores show the distribution of these modules in UMAP, with M2 modules specifically 
enriched in Cluster4 and M3 modules specifically enriched in Cluster1 (Fig. 5C). Ranked 
the genes of each module by kME and show the top 10 genes (Fig.  5D), and the Co-
expression network analysis revealed the key genes in each module (Fig.  5E). Further 
KEGG pathway enrichment analysis showed that these Tregs cell modules were signifi-
cantly enriched in multiple signaling pathways closely related to immune suppression 
function, revealing their potential mechanisms of action (Fig. 5F). Among them, M2 and 
M3 modules exhibit synergistic enrichment in the pathways of "antigen processing and 
presentation" and "cell apoptosis", revealing their mechanisms driving immune suppres-
sion from the source of immune recognition to the clearance of effector cells.

3.5  Spatial transcriptomics confirms the localisation of Tregs modules

To further confirm the above findings, we introduced spatial transcriptomic data of 
PCa and normal prostate samples (Fig.  6A). Based on the gene sets of the aforemen-
tioned Treg cell modules, we performed module activity scoring on the ST data and 

Fig. 5  Identification of key modules driving immune suppression in Tregs. A The umap shows the different clus-
tersof all Tregs. B Tregs cells are divided into different modules. C UAMP diagrams for each Tregs module. D Top 10 
gene bar charts for each module. E The network diagram shows the main modules and key genes. F The bubble 
plot displays the KEGG enrichment analysis results of different module genes
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visualized their spatial distribution, which revealed the spatial organization patterns of 
these immunosuppressive modules within the tumor tissue (Fig. 6B). Further quantita-
tive analysis of module activity revealed that M2 and M3 scores exhibited a consistent 
increasing trend across PCa samples (Fig.  6C). Differential module eigengene analysis 
revealed M2 module as the most significantly upregulated module in the tumor groups 
(Fig.  6D). To identify prognosis-associated molecules in PCa, we performed multi-
variate Cox regression analysis on the M2 module genes in TCGA-PRAD data and 

Fig. 6  Spatial transcriptomics confirms the co-localisation of hypoxia and Tregs modules. A H&E sections of differ-
ent prostate samples. B Distribution of different Tregs modules in spatial transcriptome data of prostate sample. C 
The box plot of different Tregs modules score in each sample. D DEM analysis of different Tregs modules. E Mul-
tivariate Cox analysis of M2 module genes in TCGA-PRAD. F The correlation between apoptosisgene sets and M2 
module hub genes in TCGA-PRAD. G Survival analysis of M2 module genes in TCGA-PRAD
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identified eight genes—ANKRD37, CHORDC1, DOK2, HSPA6, RGCC, SERPINH1, 
STIP1, and UBB, that were significantly associated with an increased risk of poor patient 
outcome(Fig. 6E). Subsequent correlation analysis revealed a strong positive association 
(r = 0.83) between these molecules and the apoptosis signaling pathway, suggesting their 
involvement in the synergistic function of immune suppression (Fig.  6F). Consistent 
with this finding, survival analysis confirmed that their expression was significantly cor-
related with poorer clinical outcomes (Fig. 6G).

4  Discussion
We used single-cell transcriptomics to determine different modules of Tregs cells in PCa 
patients, and introduced spatial transcriptomics to analyse the spatial distribution of 
Tregs modules. The results showed that the M2 module was significantly enriched in the 
immunosuppressive pathway and exhibited significant inter group differences. Simulta-
neously, we obtained the core gene set of the M2 module and applied a Cox proportional 
hazards model to the TCGA-PRAD dataset, leading to the identification of multiple 
risk factors significantly associated with prognosis, including ANKRD37, CHORDC1, 
DOK2, HSPA6, RGCC, SERPINH1, STIP1, and UBB. Correlation analysis revealed a 
strong positive association between these molecules and the apoptosis signaling path-
way, disease-free survival analyses confirmed the strong association of these genes with 
PCa patient outcomes.

Many previous studies have shown that intratumoral immune cell infiltration is the 
most important predictor of patient survival [5]. Treg cells are one of the most com-
mon immunosuppressive cells in tumours, which can suppress anti-tumour immunity 
and promote cancer progression [30], and the abnormal secretion of PPIA can promote 
tumor metastasis [31]. We further determined that Trgs cells and malignant cells can 
form an immunosuppressive microenvironment through PPIA-BSG ligand-receptor 
pairs. The spatial co-localisation of PPIA-BSG in PCa suggests that their interaction in 
the tumour microenvironment may have significant implications for tumour develop-
ment and immune escape. Tregs cells may form a positive feedback mechanism with 
tumourcells through the PPIA-BSG axis, promoting tumour cell growth and survival. 
This interaction may lead to immune escape of the tumour, further exacerbating the 
condition.

Based on these findings, we hypothesise that oxidative phosphorylationcondi-
tions within the tumour microenvironment may play an important role in modulat-
ing immune responses, particularly through the regulation of Treg (regulatory T cells) 
activity. Research has shown that unlike other CD4 + T cells, Treg cells primarily rely 
on mitochondrial oxidative phosphorylation to meet their energy needs and continue 
to to maintain their immunosuppressive function [32, 33]. The difference in this meta-
bolic characteristic may be the key metabolic basis for shaping the immunosuppressive 
in the tumor microenvironment. On the one hand, tumor cells consume a large amount 
of glucose in the microenvironment through anaerobic glycolysis, directly inhibiting the 
activation and proliferation of effector T cells and anti-tumor immune cells [34]. On the 
other hand, low oxygen conditions themselves also enhance this advantage by regulat-
ing the metabolic signaling pathways of Tregs, further improving their oxidative phos-
phorylation efficiency and consolidating the immunosuppressive phenotype of Tregs 
[35]. In addition, Treg can reprogram its own metabolism, including upregulating lactate 
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metabolism, enhancing FAO, and turning towards OXPHOS, allowing cells to survive 
and expand in nutrient poor environments [36–38].

Moreover, our findings suggest that four specific risk factors associated with Treg cells 
(ANKRD37, CHORDC1, DOK2, HSPA6, RGCC, SERPINH1, STIP1, and UBB) may 
serve as molecular signatures for poor prognosis in PCa patients. These factors may 
reflect the dynamic interaction between the tumor cells, the immune cells, and the sur-
rounding microenvironment, providing valuable insights into the mechanisms driving 
immune evasion and tumor progression. Therefore, these risk factors could potentially 
be used as clinical diagnostic tools for identifying high-risk PCa patients, as well as prog-
nostic biomarkers to predict treatment outcomes. Notably, these genes exhibit a strong 
positive correlation with the activity of the apoptotic signaling pathway in the TCGA-
PRAD dataset, implying a close regulatory link between them. The apoptotic signaling 
pathway, beyond its canonical role in inducing cell death, plays a non-negligible part 
in shaping the immunosuppressive tumor microenvironment. On one hand, the accu-
mulation of apoptotic tumor cells or immune cells releases a large number of damage-
associated molecular patterns, which can recruit myeloid-derived suppressor cells and 
tumor-associated macrophages to the tumor site, further amplifying the immune-sup-
pressive milieu [39–41]. On the other hand, activated apoptotic signaling can directly 
impair the function of effector T cells—for instance, by upregulating the expression of 
programmed death ligand 1 (PD-L1) on tumor cells, it induces the exhaustion of cyto-
toxic T lymphocytes, thereby weakening the anti-tumor immune response [42, 43].

There are several limitations to this study. First, there is a lack of validation of clinical 
patient-related information. Second, the study was only validated from a multi-omics 
perspective and specific molecular validation efforts were lacking. Thirdly, the data 
analysis was only based on bioinformatics methods, which require further validation by 
in vivo and in vitro experiments.Third, given the atypical pathological features of our 
samples, we recommend that future studies validate these findings in a pure adenocar-
cinoma cohort. Finally, the specific mechanisms of Tregs cells in the tumour microenvi-
ronment need to be further investigated.

In conclusion, targeting Tregs, particularly by inhibiting the PPIA-BSG pathway, is 
a promising avenue for the development of new cancer immunotherapies. By interfer-
ing with the immunosuppressive role of Tregs, it may be possible to enhance the anti-
tumour immune response and thereby improve the prognosis and outcome of PCa 
patients. In addition, investigating the molecular mechanisms by which hypoxia drives 
Treg function may provide further opportunities to identify novel therapeutic targets 
and improve the overall efficacy of cancer immunotherapy. As such, this area of research 
holds great potential for advancing our understanding of cancer immunology and devel-
oping more effective treatment strategies for PCa and other solid tumours.
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